This article presents clustering experiments on German verbs
Motivation
Semantic verb classes generalize over verbs according to their semantic properties, that is, they capture large amounts of verb meaning without defining the idiosyncratic details for each verb. The classes refer to a general semantic level, and idiosyncratic lexical semantic properties of the verbs are either added to the class description or left underspecified. Examples for semantic verb classes are Position verbs such as liegen 'lie', sitzen 'sit', stehen 'stand', and Manner of Motion with a Vehicle verbs such as fahren 'drive', fliegen 'fly', rudern 'row'. Manual definitions of semantic verb classes exist for several languages, the most dominant examples concerning English (Levin 1993; Baker, Fillmore, and Lowe 1998) and Spanish (Vázquez et al. 2000) . On the one hand, verb classes reduce redundancy in verb descriptions since they encode the common properties of verbs. On the other hand, verb classes can predict and refine properties of a verb that received insufficient empirical evidence, with reference to verbs in the same class: Under this criterion, a verb classification is especially useful for the pervasive problem of data sparseness in NLP, where little or no knowledge is provided for rare events. For example, the English verb classification by Levin (1993) has been used in NLP applications such as word sense disambiguation (Dorr and Jones 1996) , machine translation (Dorr 1997) , document classification (Klavans and Kan 1998) , and subcategorization acquisition (Korhonen 2002) . To my knowledge, no comparable German verb classification is available so far; therefore, such a classification would provide a principled basis for filling a gap in available lexical knowledge.
How can we obtain a semantic classification of verbs while avoiding tedious manual definitions of the verbs and the classes? Few resources are semantically annotated and provide semantic information off-the-shelf such as FrameNet (Baker, Fillmore, and Lowe 1998; Fontenelle 2003) and PropBank (Palmer, Gildea, and Kingsbury 2005) . Instead, the automatic construction of semantic classes typically benefits from a longstanding linguistic hypothesis that asserts a tight connection between the lexical meaning of a verb and its behavior: To a certain extent, the lexical meaning of a verb determines its behavior, particularly with respect to the choice of its arguments (Pinker 1989; Levin 1993; Dorr and Jones 1996; Siegel and McKeown 2000; Merlo and Stevenson 2001; Schulte im Walde and Brew 2002; Lapata and Brew 2004) . Even though the meaning-behavior relationship is not perfect, we can make this prediction: If we induce a verb classification on the basis of verb features describing verb behavior, then the resulting behavior classification should agree with a semantic classification to a certain extent (yet to be determined). The aim of this work is to utilize this prediction for the automatic acquisition of German semantic verb classes.
The verb behavior itself is commonly captured by the diathesis alternation of verbs: alternative constructions at the syntax-semantics interface that express the same or a similar conceptual idea of a verb (Lapata 1999; Schulte im Walde 2000; McCarthy 2001; Merlo and Stevenson 2001; Joanis 2002) . Consider example (1), where the most common alternations of the Manner of Motion with a Vehicle verb fahren 'drive' are illustrated. The conceptual participants are a vehicle, a driver, a passenger, and a direction. In (a), the vehicle is expressed as the subject in a transitive verb construction, with a prepositional phrase indicating the direction. In (b), the driver is expressed as the subject in a transitive verb construction, with a prepositional phrase indicating the direction. In (c), the driver is expressed as the subject in a transitive verb construction, with an accusative noun phrase indicating the vehicle. In (d), the driver is expressed as the subject in a ditransitive verb construction, with an accusative noun phrase indicating the passenger, and a prepositional phrase indicating the direction. Even if a certain participant is not realized within an alternation, its contribution might be implicitly defined by the verb. For example, in the German sentence in (a) the driver is not expressed overtly, but we know that there is a driver, and in (b) and (d) the vehicle is not expressed overtly, but we know that there is a vehicle. Verbs in the same semantic class are expected to overlap in their alternation behavior to a certain extent. We decided to use diathesis alternations as an approach to characterizing verb behavior, and to use the following verb features to stepwise describe diathesis alternations: (1) syntactic structures, which are relevant for capturing argument functions; (2) prepositions, which are relevant to distinguish, for example, directions from locations; and (3) selectional preferences, which concern participant roles. A statistical grammar model serves as the source for an empirical verb description for the three levels at the syntaxsemantics interface. Based on the empirical feature description, we then perform a cluster analysis of the German verbs using k-means, a standard unsupervised hard clustering technique as proposed by Forgy (1965) . The clustering outcome cannot be a perfect semantic verb classification, since the meaning-behavior relationship on which the clustering relies is not perfect, and the clustering method is not perfect for the ambiguous verb data. However, our primary goal is not necessarily to obtain the optimal clustering result, but rather to assess the linguistic and technical conditions that are crucial for a semantic cluster analysis. More specifically, (1) we perform an empirical investigation of the relationship between verb meaning and verb behavior (that is, Can we use the meaning-behavior relationship of verbs to induce verb classes, and to what extent does the meaning-behavior relationship hold in the experiments?), and (2) we investigate which technical parameters are suitable for the natural language task. The resulting clustering methodology can then be applied to a larger-scale verb set. The plan of the article is as follows. Section 2 describes the experimental setup with respect to (1) gold standard verb classes for 168 German verbs, (2) the statistical grammar model that provides empirical lexical information for German verbs at the syntax-semantics interface, and (3) the clustering algorithm and evaluation methods. Section 3 performs preliminary clustering experiments on the German gold standard verbs, and Section 4 presents an application of the clustering technique in a large-scale experiment. Section 5 discusses related work, and Section 6 presents the conclusions and outlook for further work.
Experimental Setup

German Semantic Verb Classes
A set of 168 German verbs was manually classified into 43 concise semantic verb classes. The verb class labels refer to the common semantic properties of the verbs in a class at a general conceptual level, and the idiosyncratic lexical semantic properties of the verbs are left underspecified. The German verbs are provided with a coarse translation into English, given here in brackets; we do not attempt to define subtle differences in meaning or usage. The translated verb senses only refer to the respective semantic class; if the verb translations in one class are too similar to distinguish among them, a common translation is given. Even though the classification is primarily based on semantic intuition and not on facts about syntactic behavior, the verbs grouped in one class share certain aspects of their behavior. (Please note that this overlap does not necessarily transfer to the English translations.) This agreement corresponds to the long-standing linguistic hypothesis that asserts a tight connection between the meaning components of a verb and its behavior (Pinker 1989; Levin 1993) .
The purpose of the manual classification is to evaluate the reliability and performance of the clustering experiments. The following facts refer to empirically relevant properties of the classification: The class size is between 2 and 7, with an average of 3.9 verbs per class. Eight verbs are ambiguous with respect to class membership and marked by subscripts. The classes include both high-and low-frequency verbs in order to exercise the clustering technology in both data-rich and data-poor situations: The corpus frequencies of the verbs range from 8 to 71,604 (within 35 million words of a German newspaper corpus, cf. Section 2.2). The class labels are given on two semantic levels: coarse labels such as Manner of Motion are subdivided into finer labels, such as Locomotion, Rotation, Rush, Vehicle, Flotation. The fine-grained labels are relevant for the clustering experiments, as the numbering indicates. As mentioned before, the classification is primarily based on semantic intuition, not on facts about syntactic behavior. As an extreme example, the Support class (23) contains the verb unterstützen, which syntactically requires a direct object, together with the verbs dienen, folgen, and helfen, which dominantly subcategorize for an indirect object. The classification was checked to ensure lack of bias, so class membership is not disproportionately made up of highfrequency verbs, low-frequency verbs, strongly ambiguous verbs, verbs from specific semantic areas, and so forth.
The classification deliberately sets high standards for the automatic induction process: It would be easier (1) to define the verb classes on a purely syntactic basis, since syntactic properties are easier to obtain automatically than semantic features, or (2) to define larger classes of verbs, so that the distinction between the classes is not based on fine-grained verb properties, or (3) to disregard clustering complications such as verb ambiguity and low-frequency verbs. But the overall goal is not to achieve a perfect clustering on the given 168 verbs but to investigate both the potential and the limits of our clustering methodology that combines easily available data with a simple algorithm. The task cannot be solved completely, but we can investigate the bounds. The classification is defined as follows:
1.
Aspect : anfangen, aufhören, beenden, beginnen, enden (start, stop, finish, begin, end) The evidence used in the class creation process-including the choice of the verbs-was provided by subjective conceptual knowledge, monolingual and bilingual dictionary entries and corpus searches. Interannotator agreement has therefore not been addressed, but the classes were created in close relation to the English classification by Levin (1993) (as far as the English classes have German counterparts) and agree with the German verb classification by Schumacher (1986) , as far as the relevant verbs are covered by his semantic 'fields'. To overcome the drawback of a subjective class definition, the classification was accompanied by a detailed class description. This characterization is closely related to Fillmore's scenes-and-frames semantics (Fillmore 1977 (Fillmore , 1982 , as computationally utilized in FrameNet (Baker, Fillmore, and Lowe 1998; Fontenelle 2003) ; there is no reference to the German FrameNet version (Erk, Kowalski, and Pinkal 2003) -as one might expect-just because the German version itself had just started to be developed. The frame-semantic class definition contains a prose scene description, predominant frame participant and modification roles, and frame variants describing the scene. The frame roles have been developed on the basis of a large German newspaper corpus from the 1990s (cf. Section 2.2). They capture the scene description with idiosyncratic participant names and demarcate major and minor roles. Since a scene might be activated by a number of frame embeddings, the predominant frame variants from the corpus are listed, marked with participating roles, and at least one example sentence for each verb utilizing the respective frame is given. The corpus examples are annotated and illustrate the idiosyncratic combinations of lexical verb meaning and conceptual constructions to capture variations in verb sense. Example 2 presents a verb class description for the class of Aspect verbs. For further class descrip-tions, the reader is referred to Schulte im Walde (2003a, pages 27-103) . Verbs allowing a frame variant are marked by "+," verbs allowing the frame variant only in company of an additional adverbial modifier are marked by "+ adv ," and verbs not allowing a frame variant are marked by "¬." In the case of ambiguity, frame variants are only given for the senses of the verbs with respect to the class label. The frame variants with their roles marked represent the alternation potential of the verbs. For example, the causativeinchoative alternation assumes the syntactic embeddings n X a Y and n Y , indicating that the alternating verbs are realized by a transitive frame type (containing a nominative NP 'n' with role X and an accusative NP 'a' with role Y) and the corresponding intransitive frame type (with a nominative NP 'n' only, indicating the same role Y as for the transitive accusative). Passivization of a verb-frame combination is indicated by [P] . Appendix 6 lists all possible frame variants with illustrative examples. Note that the corpus examples are given in the old German spelling version, before the spelling reform in 1998.
Semantic verb classes have been defined for several languages, for example, as the earlier mentioned lexicographic resource FrameNet for English (Baker, Fillmore, and Lowe 1998; Fontenelle 2003) and German (Erk, Kowalski, and Pinkal 2003) ; the lexical semantic ontology WordNet for English (Miller et al. 1990; Fellbaum 1998) 
Empirical Distributions for German Verbs
We developed, implemented, and trained a statistical grammar model for German that is based on the framework of head-lexicalized, probabilistic, context-free grammars. The idea originates from Charniak (1997) , with this work using an implementation by Schmid (2000) for a training corpus of 35 million words from a collection of large German newspaper corpora from the 1990s, including Frankfurter Rundschau, Stuttgarter Zeitung, VDI-Nachrichten, die tageszeitung, German Law Corpus, Donaukurier, and Computerzeitung . The statistical grammar model provides empirical lexical information, specializing in but not restricted to the subcategorization behavior of verbs. Details of the implementation, training, and exploitation of the grammar model can be found in Schulte im Walde (2003a, chapter 3) .
The German verbs are represented by distributional vectors, with features and feature values in the distribution being acquired from the statistical grammar. The distributional description is based on the hypothesis that "each language can be described in terms of a distributional structure, that is, in terms of the occurrence of parts relative to other parts" (cf. Harris 1968 ). The verbs are described distributionally on three levels at the syntax-semantics interface, each level refining the previous level. The first level D1 encodes a purely syntactic definition of verb subcategorization, the second level D2 encodes a syntactico-semantic definition of subcategorization with prepositional preferences, and the third level D3 encodes a syntactico-semantic definition of subcategorization with prepositional and selectional preferences. Thus, the refinement of verb features starts with a purely syntactic definition and incrementally adds semantic information. The most elaborated description comes close to a definition of verb alternation behavior. We decided on this three-step procedure of verb descriptions because the resulting clusters and particularly the changes in clusters that result from a change of features should provide insight into the meaning-behavior relationship at the syntaxsemantics interface.
For D1, the statistical grammar model provides frequency distributions for German verbs over 38 purely syntactic subcategorization frames (cf. Appendix 6). Based on these frequencies, we can also calculate the probabilities. For D2, the grammar provides frequencies for the different kinds of prepositional phrases within a frame type; probabilities are computed by distributing the joint probability of a verb and a PP frame over the prepositional phrases according to their frequencies in the corpus. Prepositional phrases are referred to by case and preposition, such as mit Dat , für Acc . The statistical grammar model does not learn the distinction between PP arguments and PP adjuncts perfectly. Therefore, we did not restrict the PP features to PP arguments, but to 30 PPs according to 'reasonable' appearance in the corpus, as defined by the 30 most frequent PPs that appear with at least 10 different verbs. The subcategorization frame information for D1 and D2 has been evaluated: Schulte im Walde (2002b) describes the induction of a subcategorization lexicon from the grammar model for a total of 14,229 verbs with a frequency between 1 and 255,676 in the training corpus, and Schulte im Walde (2002a) performs an evaluation of the subcategorization data against manually created dictionary entries and shows that the lexical entries have potential for adding to and improving manual verb definitions.
For the refinement of D3, the grammar provides selectional preference information at a fine-grained level: It specifies the possible argument realizations in the form of lexical heads, with reference to a specific verb-frame-slot combination. Obviously, we would run into a sparse data problem if we tried to incorporate selectional preferences into the verb descriptions at such a specific level. We are provided with detailed information at the nominal level, but we need a generalization of the selectional preference definition. A widely used resource for selectional preference information is the semantic ontology WordNet (Miller et al. 1990; Fellbaum 1998) ; the University of Tübingen has developed the German version of WordNet, GermaNet (Hamp and Feldweg 1997; Kunze 2000) . The hierarchy is realized by means of synsets, sets of synonymous nouns, which are organized by multiple inheritance hyponym/hypernym relationships. A noun can appear in several synsets, according to its number of senses. The German noun hierarchy in GermaNet is utilized for the generalization of selectional preferences: For each noun in a verb-frame-slot combination, the joint frequency is divided over the different senses of the noun and propagated up the hierarchy. In case of multiple hypernym synsets, the frequency is divided again. The sum of frequencies over all top synsets equals the total joint frequency. Repeating the frequency assignment and propagation for all nouns appearing in a verb-frame-slot combination, the result defines a frequency distribution of the verb-frame-slot combination over all GermaNet synsets. To restrict the variety of noun concepts to a general level, only the frequency distributions over the top GermaNet nodes 1 are considered: Lebewesen 'creature', Sache 'thing', Besitz 'property', Substanz 'substance', Nahrung 'food', Mittel 'means', Situation 'situation', Zustand 'state', Struktur 'structure', Physis 'body', Zeit 'time', Ort 'space', Attribut 'attribute', Kognitives Objekt 'cognitive object', Kognitiver Prozess 'cognitive process'. Since the 15 nodes are mutually exclusive and the node frequencies sum to the total joint verb-frame frequency, we can use their frequencies to define a probability distribution.
Are selectional preferences equally necessary and informative for all frame types? For example, selectional preferences for the direct object are expected to vary strongly with respect to the subcategorizing verb (because the direct object is a highly frequent argument type across all verbs and verb classes), but selectional preferences for a subject in a transitive construction with a nonfinite clause are certainly less interesting for refinement (because this frame type is more restricted with respect to the verbs it is subcategorized for). We empirically investigated which of the overall frame roles may be realized by different selectional preferences and are therefore relevant and informative for a selectional preference distinction. As a result, in parts of the clustering experiments we will concentrate on a specific choice of frame-slot combinations to be refined by selectional preferences (with the relevant slots underlined): 'n', 'na', 'nd', 'nad', 'ns-dass.' Table 1 presents three verbs from different classes and their 10 most frequent frame types at the three levels of verb definition and their probabilities. D1 for beginnen 'begin' defines 'np' and 'n' as the most probable frame types. After splitting the 'np' probability over the different PP types in D2, a number of prominent PPs are left, the time indicating um Acc and nach Dat , mit Dat referring to the begun event, an Dat as date, and in Dat as place indicator. It is obvious that not all PPs are argument PPs, but adjunct PPs also represent a part of the verb behavior. D3 illustrates that typical selectional preferences for beginner roles are Situation 'situation', Zustand 'state', Zeit 'time', Sache 'thing'. D3 has the potential to indicate verb alternation behavior, for example, 'na(Situation)' refers to the same role for the direct object in a transitive frame as "n(Situation)" in an intransitive frame. essen 'eat' as an object-drop verb shows strong preferences for both intransitive and transitive usage. As desired, the argument roles are dominated by Lebewesen 'creature' for 'n' and 'na' and Nahrung 'food' for 'na'. fahren 'drive' chooses typical manner of motion frames ('n,' 'np,' 'na') with the refining PPs being directional (in Acc , zu Dat , nach Dat ) or referring to a means of motion (mit Dat , in Dat , auf Dat ). The selectional preferences show correct alternation behavior: Lebewesen 'creature' in the object drop case for 'n' and 'na,' Sache 'thing' in the inchoative/causative case for 'n' and 'na'.
In addition to the absolute verb descriptions above, a simple smoothing technique is applied to the feature values. The goal of smoothing is to create more uniform distributions, especially with regard to adjusting zero values, but also for assimilating high and low frequencies and probabilities. The smoothed distributions are particularly interesting for distributions with a large number of features, since they typically contain persuasive zero values and severe outliers. Chen and Goodman (1998) present a concise overview of smoothing techniques, with specific emphasis on language modeling. We decided to apply the smoothing algorithm referred to as additive smoothing: The smoothing is performed simply by adding 0.5 to all verb features, that is, the joint frequency of each verb v and feature x i is changed by freq (v, x i ) = freq(v, x i ) + 0.5. The total verb frequency is adapted to the changed feature values, representing the sum of all verb feature values: v freq = i freq (v, x i ). Smoothed probability values are based on the smoothed frequency distributions.
Clustering Algorithm and Evaluation Techniques
Clustering is a standard procedure in multivariate data analysis. It is designed to allow exploration of the inherent natural structure of the data objects, where objects in the same cluster are as similar as possible and objects in different clusters are as dissimilar as possible. Equivalence classes induced by the clusters provide a means for generalizing over the data objects and their features. The clustering of the German verbs is performed by the k-means algorithm, a standard unsupervised clustering technique as proposed by Forgy (1965) . With k-means, initial verb clusters are iteratively reorganized by assigning each verb to its closest cluster and recalculating cluster centroids until no further changes take place. Applying the k-means algorithm assumes (1) that verbs are represented by distributional vectors and (2) that verbs that are closer to each other in a mathematically defined way are also more similar to each other in a linguistic way. k-Means depends on the following parameters: (1) The number of clusters is not known beforehand, so the clustering experiments investigate this parameter. Related to this parameter is the level of semantic concept: The more verb clusters are found, the more specific the semantic concept, and vice versa. (2) k-means is sensitive to the initial clusters, so the initialization is varied according to how much preprocessing we invest: Both random clusters and hierarchically preprocessed clusters are used as initial clusters for k-means. In the case of preprocessed clusters, the hierarchical clustering is performed as bottom-up agglomerative clustering with the following criteria for merging the clusters: single linkage (minimal distance between nearest neighbor verbs), complete linkage (minimal distance between furthest neighbor verbs), average distance between verbs, distance between cluster centroids, and Ward's method (minimizing the sum of squares when merging clusters). The merging method influences the shape of the clusters; for example, single linkage causes a chaining effect in the shape of the clusters, and complete linkage creates compact clusters. (3) In addition, there are several possibilities for defining the similarity between distributional vectors. But which best fits the idea of verb similarity? Table 2 presents an overview of relevant similarity measures that are applied in the experiments. x and y refer to the verb object vectors, their subscripts to the verb feature values. The Minkowski metric can be applied to frequencies and probabilities. It is a generalization of the two well-known instances q = 1 (Manhattan distance) and q = 2 (Euclidean distance). The Kullback-Leibler divergence (KL) is a measure from information theory that determines the inefficiency of assuming a model probability distribution given the true distribution (Cover and Thomas 1991) . The KL divergence is not defined in case y i = 0, so the probability distributions need to be smoothed. Two variants of KL, information radius and skew divergence, perform a default smoothing. Both variants can tolerate zero values in the distribution because they work with a weighted average of the two distributions compared. Lee (2001) has shown that the skew divergence is an effective measure for distributional similarity in NLP. Similarly to Lee's method, we set the weight w for the skew divergence to 0.9. The cosine measures the similarity of the two object vectors x and y by calculating the cosine of the angle between the feature vectors. The cosine measure can be applied to frequency and probability values. For a detailed description of hierarchical clustering techniques and an intuitive interpretation of the similarity measures, the reader is referred to, for example, Kaufman and Rousseeuw (1990) . There is no agreed standard method for evaluating clustering experiments and results, but a variety of evaluation measures from diverse areas such as theoretical statistics, machine vision, and Web-page clustering are generally applicable. We used the following two measures for the evaluation: (1) Hatzivassiloglou and McKeown (1993) define and evaluate a cluster analysis of adjectives, based on common cluster membership of object pairs in the clustering C and the manual classification M. Recall and precision numbers are calculated in the standard way, with true positives the number of common pairs in M and C, false positives the number of pairs in C, but not M, and false negatives the number of pairs in M, but not C. We use the f -score pairF (as harmonic mean between recall and precision), which provides an easy to understand 
The adjusted Rand index is a measure of agreement versus disagreement between object pairs in clusterings that provides the most appropriate reference to a null model (Hubert and Arabie 1985) ; cf. equation (1). The agreement in the two partitions is represented by a contingency table C × M: t ij denotes the number of verbs common to classes C i in the clustering partition C and M j in the manual classification M; the marginals t i. and t .j refer to the number of objects in C i and M j , respectively; the expected number of common object pairs attributable to a particular cell C i , M j in the contingency table is defined by
The upper bound for Rand adj is 1, the lower bound is mostly 0, with only extreme cases below zero.
The above two measures were chosen as a result of comparing various evaluation measures and their properties with respect to the linguistic task (Schulte im Walde 2003a, chapter 4).
Preliminary Clustering Experiments
The 168 German verbs are associated with distributional vectors over frame types and assigned to initial clusters. Then k-means is allowed to run for as many iterations as it takes to reach a fixed point, and the resulting clusters are interpreted and evaluated against the manual classes. The verbs are described by D1-D3, and each level refers to frequencies and probabilities, with original and smoothed values. The initial clusters for k-means are generated either randomly or by a preprocessing cluster analysis, that is, hierarchical clustering as described in Section 2.3. For random cluster initialization the verbs are randomly assigned to a cluster, with cluster numbers between 1 and the number of manual classes. The experiments are performed with the number of k clusters being fixed to the number of gold standard classes (43); optimization of the number of clusters is addressed in Section 3.4.
Baseline and Upper Bound
The experiment baseline refers to 50 random clusterings: The verbs are randomly assigned to a cluster (with a cluster number between 1 and the number of manual classes), and the resulting clustering is evaluated by the evaluation measures. The baseline value is the average value of the 50 repetitions. The upper bound of the experiments (the "optimum") refers to the evaluation values on the manual classification; the manual classification is adapted before calculating the upper bound by randomly deleting additional senses (i.e., more than one sense) of a verb, so as to leave only one sense for each verb, since k-means as a hard clustering algorithm cannot model ambiguity. Table 3 lists the baseline and upper bound values for the clustering experiments.
Experiment Results
The following tables present the results of the clustering experiments. Tables 4 to 7 each concentrate on one technical parameter of the clustering process; Tables 8 to 10 then focus on performing clustering with a fixed parameter set, in order to vary the linguistically interesting parameters concerning the feature choice for the verbs. All significance tests have been performed with χ 2 , df = 1, α = 0.05. Table 4 illustrates the effect of the distribution units (frequencies and probabilities) on the clustering result. The experiments use distributions on D1 and D2 with random and preprocessed initialization, and the cosine as similarity measure (since it works for both distribution units). To summarize the results, neither the differences between frequencies and probabilities nor between original and smoothed values are significant. Table 5 illustrates the usage of different similarity measures. As before, the experiments are performed for D1 and D2 with random and preprocessed initialization. The similarity measures are applied to the relevant probability distributions (as the distribution unit that can be used for all measures). The tables point out that there is no best-performing similarity measure in the clustering processes. On the larger feature set, the Kullback-Leibler variants information radius and skew divergence tend to outperform all other similarity measures. In fact, the skew divergence is the only measure that shows significant differences for some parameter settings, as compared to all other measures except information radius. In further experiments, we will therefore concentrate on the two Kullback-Leibler variants.
Tables 6 and 7 compare the effects of varying the initialization of the k-means algorithm. The experiments are performed for D1 and D2 with probability distributions, using the similarity measures information radius and skew divergence. For random and hierarchical initialization, we cite both the evaluation scores for the k-means initial cluster analysis (i.e., the output clustering from the random assignment or the preprocessing hierarchical analysis), and for the k-means result. The manual columns in the tables refer to a cluster analysis where the initial clusters provided to k-means are the manual classification, that is, the gold standard. An optimal cluster analysis should realize the "perfect" clustering and not perform any reorganization of the clusters. In the experiments, k-means does perform iterations, so the clustering result is suboptimal. This finding is caused by the syntax-semantics mismatches, which we deliberately included in the definition of the gold standard (recall, e.g., that unterstützen is syntactically very different compared to the other three Support verbs). In addition, the results not only show that the feature sets are suboptimal, but also that the loss in quality is less for the linguistically refined feature level D2 compared to D1, as we would have hoped. For random clustering initialization to k-means, the tables present both the best and the average clustering results. The best results are paired with the evaluation of their initial clusters, that is, the random clusterings. As the tables show, the initial clusters receive low evaluation scores. Typically, the clusterings consist of clusters with rather homogeneous numbers of verbs, but the perturbation within the clusters is high, as expected. k-means is able to cope with the high degree of perturbation:
The resulting clusters improve significantly and are comparable with those based on preprocessed hierarchical clustering; this competitiveness vanishes with an increasing number of features. The average values of the random initialization experiments are clearly below the best ones, but not significantly different. Cluster analyses as based on agglomerative hierarchical clustering with single-linkage amalgamation are evaluated as poor compared to the gold standard. This result is probably due to the chaining effect in the clustering, which is characteristic for single linkage; the effect is observable in the analysis, which typically contains one very large cluster and many clusters with few verbs, mostly singletons. k-means obviously cannot compensate for this strong bias in cluster sizes (and their respective centroids); the reorganization improves the clusterings, but the result is still worse than for any other initialization. With average distance and centroid distance amalgamation, both the clusterings and the evaluation results are less extreme than with single linkage since the chaining effect is smoothed. The overall results are better than for single linkage, but only slightly improved by k-means. Hierarchical clusters as based on complete-linkage amalgamation are more compact, and result in a closer fit to the gold standard than the previous methods. The hierarchical initialization is only slightly improved by k-means; in some cases the k-means output is worse than its hierarchical initialization. Ward's method seems to work best on hierarchical clusters and k-means initialization. The cluster sizes are more balanced and correspond to compact cluster shapes. As for complete linkage, k-means improves the clusterings only slightly; in some cases the k-means output is worse than its hierarchical initialization. A cluster analysis based on Ward's hierarchical clusters performs best of all the applied methods, especially with an increasing number of features. The similarity of Ward's clusters (and similarly complete linkage clusters) The low scores in the tables might be surprising to the reader, but they reflect the difficulty of the task. As mentioned before, we deliberately set high demands for the gold standard, especially with reference to the fine-grained, small classes. Compared to related work (cf. Section 5), our results achieve lower scores because the task is more difficult; for example, Merlo and Stevenson (2001) (2000) classify 56 verbs into 2 classes, as compared to our clustering, which assigns 168 verbs to 43 classes. The following illustrations should provide an intuition about the difficulty of the task:
1.
In a set of additional experiments, a random choice of a reduced number of 5/10/15/20 classes from the gold standard is performed. The verbs from the respective gold standard classes are clustered with the optimal parameter set (see Table 8 
2.
Imagine a gold standard of three classes with four members each, for example, {{a, b, c, d}, {e, f, g, h}, {i, j, k, l}}. If a cluster analysis of these elements into three clusters resulted in an almost perfect choice of {{a, b, c, d, e}, {f, g, h}, {i, j, k, l}} where only e is assigned to a "wrong" class, the pairwise precision is 79%, the recall is 83%, and pairF is 81%, so the decrease of pairF with only one mistake is almost 20%. If another cluster analysis resulted in a choice with just one more mistake such as {{a, b, c, d, e, i}, {f, g, h}, {j, k, l}} where i is also assigned to a "wrong" class, the result decreases by almost another 20%, to a precision of 57%, a recall of 67%, and pairF of 62%. The results show how much impact a few mistakes may have on the pairwise f-score of the results.
In addition to defining a difficult task, we also chose strong evaluation measures: Evaluating pairs of objects results in lower numbers than evaluating the individual objects. For example, the accuracy/purity measure (Stevenson and Joanis 2003; Korhonen, Krymolowski, and Marx 2003) evaluates whether a verb is assigned to a correct cluster with respect to the gold standard class of the majority of cluster members. That is, in a first step each induced verb cluster is assigned a gold standard class according to which class captures the majority of the cluster members. In a second step, each verb in a cluster is evaluated as correct or wrong with respect to its gold standard class, and accuracy/purity of the whole clustering is calculated as the proportion of correct verbs divided by the total number of verbs. If we applied this measure to our optimal clustering with a pairwise f-score PairF of 22.19%, we achieve an accuracy of 51.19%; if we applied the measure to the above random choices of gold standard classes with 5/10/15/20 classes, we achieve accuracies of 68.20/60.73/57.82/55.48%.
The last series of experiments applies the algorithmic insights from the previous experiments to a linguistic variation of parameters (cf. Schulte im Walde 2003b). The verbs are described by probability distributions on different levels of linguistic information (frames, prepositional phrases, and selectional preferences). A preprocessing hierarchical cluster analysis is performed by Ward's method, and k-means is applied to re-organize the clusters. Similarities are measured by the skew divergence. Table 8 presents the first results comparing D1, D2, and D3, either on specified frame slots ('n,' 'na,' 'nd,' 'nad,' 'ns-dass'), on all noun phrase slots (NP), or on all noun phrase and prepositional phrase slots (NP-PP). The number of features in each experiment is given in square brackets. The table demonstrates that a purely syntactic verb description gives rise to a verb clustering clearly above the baseline. Refining the coarse subcategorization frames with prepositional phrases considerably improves the verb clustering results. Adding selectional preferences to the verb description further improves the clustering results, but the improvement is not as persuasive as in the first step, when refining the purely syntactic verb descriptions with prepositional information. The difference between D1 and D2 is significant, but neither the difference between D2 and D3 (in any variation) nor the differences between the variants of D3 are significant. In the case of adding role information to all NP (and all PP) slots, the problem might be caused by sparse data, but for the linguistically chosen subset of argument slots we assume additional linguistic reasons are directly relevant to the clustering outcome.
In order to choose the most informative frame roles for D3, we varied the selectional preference slots by considering only single slots for refinements, or small combinations of argument slots. The variations should provide insight into the contribution of slots and slot combinations to the clustering. The experiments are performed on probability distributions for D3; all other parameters were chosen as above. Table 9 shows that refining only a single slot (the underlined slot in the respective frame type) in addition to the D2 definitions results in little or no improvement. There is no frame-slot type that consistently improves results, but success depends on the parameter instantiation. The results do not match our linguistic intuitions: For example, we would expect the arguments in the two highly frequent intransitive 'na' and transitive 'na' frames with variable semantic roles to provide valuable information with respect to their selectional preferences, but only those in 'na' actually improve D2. However, a subject in a transitive construction with a non-finite clause 'ni', which is less variable with respect to verbs and roles, does work better than 'n'. In Table 10 , selected slots are combined to define selectional preference information, for example, n/na means that the nominative slot in 'na', and both the nominative and accusative slot in 'na' are refined by selectional preferences. It is obvious that the clustering effect does not represent a sum of its parts, for example, both the information in 'na' and in 'na' improve Ward's clustering based on D2 (cf. Table 9 ), but it is not the case that 'na' improves the clustering, too. As in Table 9 , there is no combination of selectional preference frame definitions that consistently improves the results. On the contrary, some additional D3 information makes the result significantly worse, for example, 'nad'. The specific combination of selectional preferences as determined preexperimentally actually achieves the overall best results, better than any other slot combination, and better than refining all NP slots or refining all NP and all PP slots in the frame types (cf. Table 8 ).
Experiment Interpretation
For illustrative purposes, we present representative parts of the cluster analysis as based on the following parameters: The clustering initialization is obtained from a hierarchical analysis of the German verbs (Ward's amalgamation method), the number of clusters being the number of manual classes (43); the similarity measure is the skew divergence. The cluster analysis is based on the verb description on D3, with selectional roles for (d) and (e), since they use common alternations, but cluster (c) merges Existence, Position, and Aspect verbs because verb-idiosyncratic demands on selectional roles destroy the D2 class demarcation. Still, the verbs in cluster (c) are close in their (more general conceptual) semantics, with a common sense of (bringing into versus being in) existence. laufen fits into the cluster with its sense of "function." Cluster (f) contains most verbs of Quantum Change, together with one verb of Production and Constitution each. The common conceptual level of this cluster therefore refers to a quantum change including the quantum change from zero to something (as for the two verbs festlegen, 'constitute,' and bilden, 'found'). The verbs in this cluster typically subcategorize for a direct object, alternating with a reflexive usage, "nr" and "npr" with mostly auf Acc and um Acc . The selectional preferences help to distinguish this cluster: The verbs agree in demanding a thing or situation as subject, and various objects such as attribute, cognitive object, state, structure, or thing as object. Without selectional preferences (on D1 and D2), the change of quantum verbs are not found together with the same degree of purity. There are verbs as in cluster (g) whose properties are correctly stated as similar by D1-D3, so a common cluster is justified, but the verbs only have coarse common meaning components; in this case töten 'kill' and unterrichten 'teach' agree in an action of one person or institution towards another. geben in cluster (h) represents a singleton. Syntactically, this is caused by being the only verb with a strong preference for "xa." From the meaning point of view, this specific frame represents an idiomatic expression, only possible with geben. An overall interpretation of the clustering results gives insight into the relationship between verb properties and clustering outcome. (1) The fact that there are verbs that are clustered semantically on the basis of their corpus-based and knowledge-based empirical properties indicates (a) a relationship between the meaning components of the verbs and their behavior and (b) that the clustering algorithm is able to benefit from the linguistic descriptions and to abstract away from the noise in the distributions. (2) Low-frequency verbs were a problem in the clustering experiments. Their distributions are noisier than those for more frequent verbs, so they typically constitute noisy clusters. (3) As known beforehand, verb ambiguity cannot be modeled by the hard clustering algorithm k-means. Ambiguous verbs were typically assigned either (a) to one of the correct clusters or (b) to a cluster whose verbs have distributions that are similar to the ambiguous distribution, or (c) to a singleton cluster. (4) The interpretation of the clusterings unexpectedly points to meaning components of verbs that have not been discovered by the manual classification. An example verb is laufen, expressing not only a Manner of Motion but also a kind of existence when used in the sense of operation. The discovery effect should be more impressive with an increasing number of verbs, since manual judgement is more difficult, and also with a soft clustering technique, where multiple cluster assignment is enabled. (5) In a similar way, the clustering interpretation exhibits semantically related verb classes, that is, verb classes that are separated in the manual classification, but semantically merged in a common cluster. For example, Perception and Observation verbs are related in that all the verbs express an observation, with the Perception verbs additionally referring to a physical ability, such as hearing. (6) Related to the preceding issue, the manual verb classes as defined are demonstrated as detailed and subtle. Compared to a more general classification that would appropriately merge several classes, the clustering confirms that we defined a difficult task with subtle classes. We were aware of this fact but preferred a fine-grained classification, since it allows insight into verb and class properties. In this way, verbs that are similar in meaning are often clustered incorrectly with respect to the gold standard.
To come to the main point, what exactly is the nature of the meaning-behavior relationship? (1) Already a purely syntactic verb description allows a verb clustering clearly above the baseline. The result is a (semantic) classification of verbs that agree in their syntactic frame definitions, for example, most of the Support verbs. The clustering fails for semantically similar verbs that differ in their syntactic behavior, for example, unterstützen, which belongs to the Support verbs but demands an accusative rather than a dative object. In addition, it fails for syntactically similar verbs that are clustered together even though they do not exhibit semantic similarity; for example, many verbs from different semantic classes subcategorize for an accusative object, so they are falsely clustered together. (2) Refining the syntactic verb information with prepositional phrases is helpful for the semantic clustering, not only in the clustering of verbs where the PPs are obligatory, but also in the clustering of verbs with optional PP arguments.
The improvement underlines the linguistic fact that verbs that are similar in their meaning agree either on a specific prepositional complement (e.g., glauben/denken an Acc ) or on a more general kind of modification, for example, directional PPs for Manner of Motion verbs. (3) Defining selectional preferences for arguments improves the clustering results further, but the improvement is not as persuasive as when refining the purely syntactic verb descriptions with prepositional information. For example, selectional preferences help demarcate the Quantum Change class because the respective verbs agree in their structural as well as selectional properties. But in the Consumption class, essen and trinken have strong preferences for a food object, whereas konsumieren allows a wider range of object types. In contrast, there are verbs that are very similar in their behavior, especially with respect to a coarse definition of selectional roles, but they do not belong to the same fine-grained semantic class, for example, töten and unterrichten. The effect could be due to (a) noisy or (b) sparse data, but the basic verb descriptions appear reliable with respect to their desired linguistic content, and Table 8 illustrates that even with little added information the effect exists (e.g., refining few arguments by 15 selectional roles results in 253 instead of 178 features, so the magnitude of feature numbers does not change). Why do we encounter an indeterminism concerning the encoding and effect of verb features, especially with respect to selectional preferences? The meaning of verbs comprises both properties that are general for the respective verb classes, and idiosyncratic properties that distinguish the verbs from each other. As long as we define the verbs by those properties that represent the common parts of the verb classes, a clustering can succeed. But by stepwise refining the verb description and including lexical idiosyncrasy, the emphasis on the common properties vanishes. From a theoretical point of view, the distinction between common and idiosyncratic features is obvious, but from a practical point of view there is no perfect choice for the encoding of verb features. The feature choice depends on the specific properties of the desired verb classes, and even if classes are perfectly defined on a common conceptual level, the relevant level of behavioral properties of the verb classes might differ. Still, for a large-scale classification of verbs, we need to specify a combination of linguistic verb features as a basis for the clustering. Which combination do we choose? Both the theoretical assumption of encoding features of verb alternation as verb behavior and the practical realization by encoding syntactic frame types, prepositional phrases, and selectional preferences seem promising. In addition, we aimed at a (rather linguistically than technically based) choice of selectional preferences that represents a useful compromise for the conceptual needs of the verb classes. Therefore, this choice of features best utilizes the meaning-behavior relationship and will be applied in a largescale clustering experiment (cf. Section 4).
Optimizing the Number of Clusters
It is not a goal of this article to optimize the number of clusters in the cluster analysis. We are not interested in the question of whether, for example, 40, 42, 43, or 45 clusters represent the best semantic classification of 168 verbs. But there are two reasons why it is interesting and relevant to investigate the properties of clusterings with respect to different numbers of clusters. (1) The clustering methodology should basically work the way we expect it to work, that is, the evaluation of the results should show deficiencies for extreme numbers of clusters, but (possibly several) optimal values for various numbers of clusters in between. (2) Even if we do not check for an exact number of clusters, we should check the magnitude of the number of clusters, since the clustering methodology might be successful in capturing a rough verb classification with few verb classes but not a fine-grained classification with many subtle distinctions. Figure 1 illustrates the clustering results for the series of cluster analyses as performed by k-means with hierarchical clustering initialization (Ward's method) on probability distributions, with skew divergence as the similarity measure. The feature description refers to D2. The number of clusters is varied from 1 through the number of verbs (168), and the results are evaluated by Rand adj . A range of numbers of clusters is determined as optimal (71) or near-optimal (approx. 58-78). The figure demonstrates that having performed experiments on the parameters for clustering, it is worthwhile exploring additional parameters: The optimal result is 0.188 for 71 clusters as compared to 0.158 for 43 clusters reported previously.
Large-Scale Clustering Experiments
So far, all clustering experiments were performed on a small scale, preliminary set of 168 manually chosen German verbs. One goal of this article was to develop a clustering methodology with respect to the automatic acquisition of a large-scale German verb classification. We therefore apply the insights on the theoretical relationship between verb meaning and verb behavior and our findings regarding the clustering parameters to a considerably larger amount of verb data.
We extracted all German verbs from our statistical grammar model that appeared with an empirical frequency of between 500 and 10,000 in the training corpus (cf. Section 2.2). This selection resulted in a total of 809 verbs, including 94 verbs from the preliminary set of 168 verbs. We added the missing verbs from the preliminary set, resulting in a total of 883 German verbs. The feature description of the German verbs refers to the probability distribution over the coarse syntactic frame types, with prepositional phrase information on the 30 chosen PPs and selectional preferences for our empirically most successful combination 'n,' 'na,' 'nd,' 'nad,' and 'ns-dass.' As in previous clustering experiments, the features are stepwise refined. k-means is provided hierarchical clustering initialization (based on Ward's method), with the similarity measure being skew divergence. The number of clusters is set to 100, which corresponds to an average of 8.83 verbs per cluster, that is, not too fine-grained clusters but still possible to interpret. The preliminary set of 168 verbs is a subset of the large-scale set in order to provide an "auxiliary" evaluation of the clustering results: Considering only the manually chosen verbs in the clustering result, this partial cluster analysis is evaluated against the gold standard of 43 verb classes. Results were not expected to match the results of our clustering experiments using only the preliminary verb set, but to provide an indication of how different cluster analyses can be compared with each other.
Tables 11 to 13 present the clustering results for the large-scale verb set for D1-D3 in the rightmost columns, citing the evaluation scores of the initial (hierarchical) clusters and the resulting k-means clusters. The subset of the 168 gold standard verbs is scattered over 72 of the 100 resulting clusters. The results are compared to our previous results for the 168 verbs in 43 clusters, and to the case where those 168 verbs are clustered into 72 hierarchical classes. The large-scale clustering results once more confirm the general insights (1) that the stepwise refinement of features improves the clustering and (2) that Ward's hierarchical clustering is seldom improved by the k-means application. In addition, several of the large-scale cluster analyses were quite comparable with the clustering results using the small-scale set of verbs, especially when compared to 72 clusters.
In the following, we present example clusters from the optimal large-scale cluster analysis (according to the above evaluation): Ward's hierarchical cluster analysis based on subcategorization frames, PPs, and selectional preferences, without running k-means on the hierarchical clustering. Some clusters are extremely good with respect to the semantic overlap of the verbs, some clusters contain a number of similar verbs mixed with semantically different verbs, and for some clusters it is difficult to recognize common elements of meaning. The verbs that we think are semantically similar are marked in bold face.
(1) abschneiden 'cut off', anziehen 'dress', binden 'bind', entfernen 'remove', tunen 'tune', wiegen 'weigh'
(2) aufhalten 'detain', aussprechen 'pronounce', auszahlen 'pay off', durchsetzen 'achieve', entwickeln 'develop', verantworten 'be responsible', verdoppeln 'double', zurückhalten 'keep away', zurückziehen 'draw back',ändern 'change' 
(10) argumentieren 'argue', berichten 'report', folgern 'conclude', hinzufügen 'add', jammern 'moan', klagen 'complain', schimpfen 'rail', urteilen 'judge'
(11) basieren 'be based on', beruhen 'be based on', resultieren 'result from', stammen 'stem from' (12) befragen 'interrogate', entlassen 'release', ermorden 'assassinate', erschießen 'shoot', festnehmen 'arrest', töten 'kill', verhaften 'arrest' (13) beziffern 'amount to', schätzen 'estimate', veranschlagen 'estimate' (14) entschuldigen 'apologize', freuen 'be glad', wundern 'be surprised', argern 'be annoyed'
Clusters (1) to (3) are examples where the verbs do not share elements of meaning. In the overall cluster analysis, such semantically incoherent clusters tend to be rather large, that is, with more than 15-20 verb members. Clusters (4) to (7) are examples of clusters where some of the verbs show overlap in meaning, but also contain considerable noise. Cluster (4) mainly contains verbs of buying and selling, cluster (5) contains verbs of wishing, cluster (6) contains verbs of expressing approval, and cluster (7) contains verbs of quantum change. Clusters (8) to (16) are examples of clusters where most or all verbs show a strong similarity in their semantic concept. Cluster (8) contains verbs expressing a propositional attitude; the underlined verbs, in addition, indicate an emotion. The only unmarked verb weißen can be explained, since some of its inflected forms are ambiguous with respect to their base verb: either weißen or wissen, a verb that belongs to the Aspect verb class. The verbs in cluster (9) describe a scene where somebody or some situation makes something possible (in the positive or negative sense); the only exception verb is veranstalten. The verbs in cluster (10) are connected more loosely, all referring to a verbal discussion, with the underlined verbs denoting a negative, complaining way of utterance. In cluster (11) all verbs refer to a basis, in cluster (12) the verbs describe the process from arresting to releasing a suspect, and cluster (13) contains verbs of estimating an amount of money. In cluster (14), all verbs except for entschuldigen refer to an emotional state (with some origin for the emotion). The verbs in cluster (15) except for profitieren all indicate thought (with or without talking) about a certain matter. Finally in cluster (16), we can recognize the same weather verb cluster as in the previously discussed small-scale cluster analyses.
We experimented with two variations in the clustering setup: (1) For the selection of the verb data, we considered a random choice of German verbs in approximately the same magnitude of number of verbs (900 verbs plus the preliminary verb set), but without any restriction on the verb frequency. The clustering results are-both on the basis of the evaluation and on the basis of a manual inspection of the resulting clusters-much worse than in the preceding cluster analysis, since the large number of low-frequency verbs destroys the clustering. (2) The number of target clusters was set to 300 instead of 100, that is, the average number of verbs per cluster was 2.94 instead of 8.83. The resulting clusters are numerically slightly worse than in the preceding cluster analysis, but easier for inspection and therefore a preferred basis for a largescale resource. Several of the large, semantically incoherent clusters are split into smaller and more coherent clusters, and the formerly coherent clusters often preserved their constitution. To present one example, the following cluster from the 100-cluster analysis anzeigen 'announce', aufklären 'clarify', beeindrucken 'impress', befreien 'free', begeistern 'inspire', beruhigen 'calm down ', enttäuschen 'disappoint', retten 'save', schützen 'protect', stören 'disturb',überraschen 'surprise',überzeugen 'persuade' is split into the following four clusters from the 300-cluster analysis:
where cluster (a) shows a loose semantic coherence of declaration, the verbs in cluster (b) are semantically very similar and describe an emotional impact of somebody or a situation on a person, and the verbs in cluster (c) show a protective (and the negation: nonprotective) influence of one person towards another. Summarizing, the large-scale clustering experiment results in a mixture of semantically coherent and incoherent verb classes. Semantically incoherent verb classes and clustering mistakes need to be split into finer and more coherent clusters, or to be filtered from the classification. Semantically coherent verb classes need little manual correction as a lexical resource. Interestingly, the coherence in verb classes refers to different criteria on meaning coherence, such as synonymy (e.g., reduzieren 'reduce' and verringern 'decrease'), antonymy (e.g., reduzieren 'reduce' and erhöhen 'raise'), situational overlap (e.g., emotional state containing freuen 'be glad' andärgern 'be annoyed'), and participation in a common process/script (e.g., bestellen 'order', kaufen 'buy', verkaufen 'sell', and abholen 'pick up').
Related Work
The following paragraphs describe related classification and clustering experiments on the automatic induction of verb classes. The classifications refer to different class criteria, for example, aspectual properties (Siegel and McKeown 2000) , syntactic categories (Merlo and Stevenson 2001; Merlo et al. 2002; Tsang, Stevenson, and Merlo 2002) , andmost similar to my approach-semantic categories (Schulte im Walde 2000; Joanis 2002). The soft clustering approaches indicate how we might extend our hard clustering to verb ambiguity, now that we have determined the relevant set of verb features. Siegel and McKeown (2000) used three supervised and one unsupervised machinelearning algorithm to perform an automatic aspectual classification of English verbs.
(1) For the supervised classification, 97,973 parsed sentences from medical discharge summaries were used to extract frequencies for verbs on 14 linguistic indicators, such as manner adverb, duration in PP, past tense, and perfect tense. Logistic regression, decision tree induction, and genetic programming were applied to the verb data to distinguish states and events. Comparing the ability of the learning methods to combine the linguistic indicators was claimed to be difficult, as they rank differently depending on the classification task and evaluation criteria. Decision trees achieved an accuracy of 93.9%, as compared to the uninformed baseline of 83.8%. (2) For the unsupervised clustering, 14,038 distinct verb-object pairs of varying frequencies were extracted from 75,289 parsed novel sentences. A random partition of the set of verbs was improved by a hill-climbing method, which improved the partition by moving a verb to the cluster that decreases the sum of distances most. For a small set of 56 verbs whose frequency in the verb-object pairs was larger than 50, Siegel and McKeown (2000) claimed on the basis of an evaluation of 19 verbs that their clustering algorithm discriminated event verbs from stative verbs. Overall, they performed a comparably simpler task than presented in this article, since the aspectual class criteria can be defined more objectively and more clearly than semantic criteria based on situational similarity. Their choice of features delimited their class criteria well, and they were able to achieve excellent results.
In previous work on English, Schulte im Walde (2000) clustered 153 verbs into 30 verb classes taken from Levin (1993) , using unsupervised hierarchical clustering. The verbs were described by distributions over subcategorization frames as extracted from maximum-probability parses using a robust statistical parser, and completed by assigning WordNet classes as selectional preferences to the frame arguments. Using Levin's verb classification as a basis for evaluation, 61% of the verbs were classified correctly into semantic classes. The clustering was most successful when utilizing syntactic subcategorization frames enriched with PP information; selectional preferences decreased the performance of the clustering approach. The detailed encoding and therefore sparse data made the clustering worse with the selectional preference information. Merlo and Stevenson (2001) presented an automatic classification of three types of English intransitive verbs, based on argument structure and crucially involving thematic relations. They selected 60 verbs with 20 verbs from each verb class, comprising unergatives, unaccusatives, and object-drop verbs. The verbs in each verb class show similarities with respect to their argument structure, in that they all can be used both as transitives and intransitives. Therefore, argument structure alone does not distinguish the classes, and subcategorization information is refined by thematic relations. Merlo and Stevenson defined verb features based on linguistic heuristics that describe the thematic relations between subject and object in transitive and intransitive verb usage. The features included heuristics for transitivity, causativity, animacy, and syntactic features. For example, the degree of animacy of the subject argument roles was estimated as the ratio of occurrences of pronouns to all subjects for each verb, based on the assumption that unaccusatives occur less frequently with an animate subject compared to unergative and object-drop verbs. Each verb was described by a five-feature vector, and the vector descriptions were fed into a decision tree algorithm. Compared with a baseline performance of 33.9%, the decision trees classified the verbs into the three classes with an accuracy of 69.8%. Further experiments demonstrated the contribution of the different features within the classification. Compared to the current article, Merlo and Stevenson (2001) performed a simpler task and classified a smaller number of 60 verbs into only three classes. The features of the verbs were restricted to those that should capture the basic differences between the verb classes, in line with the idea that the feature choice depends on the specific properties of the desired verb classes. But using the same classification methodology for a large-scale experiment with an enlarged number of verbs and classes faces more problems. For example, Joanis (2002) reported an extension of their work that used 802 verbs from 14 classes from Levin (1993) . He defined an extensive feature space with 219 core features (such as part of speech, auxiliary frequency, syntactic categories, and animacy as above) and 1,140 selectional preference features taken from WordNet. As in Schulte im Walde (2000) , the selectional preferences did not improve the clustering. In recent work, Stevenson and Joanis (2003) compared their supervised method for verb classification with semisupervised and unsupervised techniques. In these experiments, they enlarged the number of gold standard English verb classes to 14 classes related to Levin classes, with a total of 841 verbs. Lowfrequency and ambiguous verbs were excluded from the classes. They found that a semisupervised approach where the classifier was trained with five seed verbs from each verb class outperformed both a manual selection of features and the unsupervised approach of Dash, Liu, and Yao (1997) , which used an entropy measure to organize data into a multidimensional space.
The classification methodology from Merlo and Stevenson (2001) was applied to multilinguality by Merlo et al. (2002) and Tsang, Stevenson, and Merlo (2002) . Merlo et al. (2002) showed that the classification paradigm is applicable in languages other than English by using the same features as defined by Merlo and Stevenson (2001) for the respective classification of 59 Italian verbs empirically based on the Parole corpus. The resulting accuracy is 86.4%. In addition, they used the content of Chinese verb features to refine the English verb classification, explained in more detail by Tsang, Stevenson, and Merlo (2002) . The English verbs were manually translated into Chinese and given part-of-speech tag features, passive particles, causative particles, and sublexical morphemic properties. Verb tags and particles in Chinese are overt expressions of semantic information that is not expressed as clearly in English, and the multilingual set of features outperformed either set of monolingual features, yielding an accuracy of 83.5%. Pereira, Tishby, and Lee (1993) describe a hierarchical soft clustering method that clusters words according to their distribution in particular syntactic contexts. They used an application of their method to nouns appearing as direct objects of verbs. The clustering result was a hierarchy of noun clusters, where every noun belongs to every cluster with a membership probability. The initial data for the clustering process were frequencies of verb-noun pairs in a direct object relationship, as extracted from parsed sentences from the Associated Press news wire corpus. On the basis of the conditional verb-noun probabilities, the similarity of the distributions was determined by the Kullback-Leibler divergence. The EM algorithm (Baum 1972 ) was used to learn the hidden cluster membership probabilities, and deterministic annealing performed the divisive hierarchical clustering. The resulting class-based model can be utilized for estimating information for unseen events (cf. Dagan, Lee, and Pereira 1999) . Rooth et al. (1999) produced soft semantic clusters for English that represent a classification on verbs as well as on nouns. They gathered distributional data for verb-noun pairs in specific grammatical relations from the British National Corpus. The extraction was based on a lexicalized probabilistic context-free grammar and contained the subject and object nouns for all intransitive and transitive verbs in the parses-a total of 608,850 verb-noun types. Conditioning of the verbs and the nouns on each other was done through hidden classes, and the joint probabilities of classes, verbs, and nouns were trained by the EM algorithm. The resulting model defined conditional membership probabilities for each verb and noun in each class; for example, the class of communicative action contains the most probable verbs ask, nod, think, shape, smile and the most probable nouns man, Ruth, Corbett, doctor, woman. The semantic classes were utilized for the induction of a semantically annotated verb lexicon.
Conclusion and Outlook
This article presented a clustering methodology for German verbs whose results agreed with a manual classification in many respects and should prove useful as automatic basis for a large-scale clustering. Without a doubt the cluster analysis needs manual correction and completion, but represents a plausible foundation. Key issues of the clustering methodology concern linguistic criteria on the one hand, and technical criteria on the other hand.
Linguistic Criteria: The strategy of utilizing subcategorization frames, prepositional information, and selectional preferences to define the verb features seems promising, since the experiments illustrated a relation between the induced verb behavior and the membership of the semantic verb classes. In addition, each level of representation generated a positive effect on the clustering and improved upon the less informative level. The experiments presented evidence for a linguistic limit on the usefulness of the verb features: The meaning of verbs comprises both (1) properties that are general for the respective verb classes and (2) idiosyncratic properties that distinguish the verbs from each other. As long as we define the verbs by those properties that represent the common parts of the verb classes, a clustering can succeed. But by stepwise refining the verb description and including lexical idiosyncrasy, emphasis on the common properties vanishes. From the theoretical point of view, the distinction between common and idiosyncratic features is obvious. But from the practical point of view, feature choice then depends on the definition of the verb classes, and this definition might vary according to the conceptual level and also according to the kind of semantic coherence captured by the class. So far, we have concentrated on synonymy, but the large-scale experiment, in particular, discovered additional semantic relations within a verb class, such as participation in a process/script. However, the investigated feature combination within this article seems to be a useful starting point for verb description.
Technical Criteria: We investigated the relationship between clustering idea, clustering parameters, and clustering result in order to develop a clustering methodology that is suitable for the demands of natural language. The clustering initialization played an important role: k-means needed compact, similarly-sized clusters in order to achieve a linguistically meaningful classification. The linguistically most successful initial clusters were therefore based on hierarchical clustering with complete linkage or Ward's method, as the resulting clusters are comparable in size and correspond to compact cluster shapes. The hierarchical clustering achieved more similar clustering outputs than k-means, which is due to the similarity of the clustering methods with respect to the common clustering criterion of optimizing the sum of distances between verbs and cluster centroids. The similarity measure used in the clustering experiments proved to be of secondary importance, since the differences in clustering due to varying the measure were negligible. For larger object and feature sets, Kullback-Leibler variants tended to outperform other measures, confirming language-based results on distributional similarity (Lee 2001) . Both frequencies and probabilities represented a useful basis for the verb distributions. The number of clusters played a role concerning the magnitude of numbers: Inducing fine-grained clusters as given in the manual classification proved to be an ambitious goal because the feature distinction for the classes was also finegrained. Inducing coarse clusters provided a coarse classification that was subject to less noise and easier to manually correct. The "optimal" number of clusters is always a compromise and depends on the purpose of the classes, for example, as a fine-grained lexical resource, or for an NLP application. In the latter case, the optimal number should be determined by automatic means, that is, by trying different magnitudes of cluster numbers, because the level of generalization depends on the purpose for the abstraction.
There are various directions for future research.
(1) The manual definition of the German semantic verb classes will be extended in order to include a greater number and a larger variety of verb classes. An extended classification would be useful as a gold standard for further clustering experiments, and more generally as a resource for NLP applications. (2) Low-frequency verbs require a specific handling in the clustering procedure: Both the small-scale and the large-scale experiments showed that the lowfrequency verbs have a negative impact on the cluster coherence. An alternative model for the low-frequency verbs might, for example, first take out of the cluster analysis those verbs below a certain frequency cutoff, and then assign the left-out verbs to the nearest clusters. The cluster assignment should also be special, for example, using verb features restricted to the reliable features, that is, above a certain frequency threshold. For example, if we consider the D2 features of the low-frequency verb ekeln 'disgust' (frequency: 31) with a minimum feature frequency of 2, we get a strong overlap with the distinguishing features of the verb fürchten 'fear'. Future work will address these issues. (3) Possible features for describing German verbs will include any kind of information that helps to classify the verbs in a semantically appropriate way. Within this article, we concentrated on defining the verb features with respect to alternation behavior. Other features that are relevant for describing the behavior of verbs are their auxiliary selection and adverbial combinations. In addition, if we try to address additional types of semantic verb relations such as script-based relations, we will need to extend our features. For example, Schulte im Walde and Melinger (2005) recently showed that nouns in co-occurrence windows of verbs contribute to verb descriptions by encoding scene information, rather than intrasentential functions. They proposed the integration of window-based approaches into function-based approaches, a combination that has not yet been applied. (4) Variations in the existing feature description are especially relevant for the choice of selectional preferences. The experiment results demonstrated that the 15 conceptual GermaNet top levels are not sufficient for all verbs. For example, the verbs töten and unterrichten require a finer version of selectional preferences in order to be distinguished. It is worthwhile either to find a more appropriate level of selectional preferences in WordNet or to apply a more sophisticated approach towards selectional preferences such as that of Li and Abe (1998) , in order to determine a more flexible choice of selectional preferences. (5) With respect to a large-scale classification of verbs, it will be interesting to apply classification techniques to the verb data. This would require more data manually labeled with classes in order to train a classifier. But the resulting classifier might abstract better than k-means over the different requirements of the verb classes with respect to the feature description. (6) As an extension of the existing clustering, a soft clustering algorithm will be applied to the German verbs. Soft clustering enables us to assign verbs to multiple clusters and therefore address the phenomenon of verb ambiguity. These clustering outcomes should be even more useful for discovering new verb meaning components and semantically related classes, compared with the hard clustering technique. (7) The verb clusters as resulting from the cluster analysis will be used within an NLP application in order to prove the usefulness of the clusters. For example, replacing verbs in a language model by the respective verb classes might improve the language model's robustness and accuracy, as the class information provides more stable syntactic and semantic information than the individual verbs.
Appendix A: Subcategorization Frame Types
The syntactic part of the German verb behavior is captured by 38 subcategorization frame types. The frames comprise maximally three arguments. Possible arguments are nominative (n), dative (d) and accusative (a) noun phrases, reflexive pronouns (r), prepositional phrases (p), expletive es (x), subordinated non-finite clauses (i), subordinated finite clauses (s-2 for verb second clauses, s-dass for dass-clauses, s-ob for ob-clauses, s-w for indirect wh-questions), and copula constructions (k). The resulting frame types are listed in 
